Long-range predictablity of Zimbabwe summer rainfall by Unganai, Leonard & Mason, Simon J.
Long-Range predictability of Zimbabwe Summer Rainfall

L. S. Unganai






















The potential for long-range prediction of Zimbabwe summer rainfall is investigated using an analysis of variance approach. It is assumed that the variance between seasons (inter-annual variability) is made up of two components: the climate noise (intra-seasonal variability) and signal (any variance above the noise). The climate noise component is estimated by assuming that daily rainfall can be modelled by a two-state first order Markov model. The magnitude of the climate noise is estimated by computing the variance of time-averaged rainfall data based on a statistical model whose parameters are derived from observed daily values at each station. Results from the study indicate that up to approximately 70% of the total variance in Zimbabwe summer rainfall is potentially predictable at long-range. Predictability is greatest during the last half of the rainy season, January to March, and much lower during October to December. The south section of the country shows relatively more predictability than the north. Comparisons between signal and noise are discussed in the context of long-range predictability. The natural variability (noise) is proposed as a lower limit of the standard error of estimate for any long-range precipitation forecast for the country.

KEY WORDS:  Zimbabwe; El Niño-Southern Oscillation; long-range prediction


1.   INTRODUCTION

The demonstration of relatively strong statistical relationships between the El Niño-Southern Oscillation (ENSO), sea surface temperatures (SSTs) and rainfall in many regions of the globe has aroused considerable interest in long-range rainfall forecasting (Palmer and Anderson, 1994; Hastenrath, 1995; Goddard et al., 2001). The potential value of skilful long-range prediction of rainfall is unquestioned (Katz and Murphy, 1997), especially in those regions of the world such as Zimbabwe where rain-fed agriculture drives the economy. If skilful long-range forecasts can be produced, there is a possibility of preparing for, and perhaps alleviating, some of the socially undesirable effects of climatic extremes such as drought and floods (Moura, 1994; Phillips et al., 1998).

In the case of ENSO events, there are distinct regions around the globe where climatic responses have been identified (Ropelewski and Halpert, 1987; Mason and Goddard, 2001). However, the characteristics of such responses can vary substantially from event to event and on decadal and multi-decadal time-scales (Allan, 1993). The effects of the inherent chaotic variability of the atmosphere may therefore restrict the spatial and temporal resolution of statistical long-range forecasts and their level of skill. Hammer (1999) argues that quantifying the unexplained variability in a seasonal climate forecast is as important in applications as the predicted shift in the mean climate: the unexplained variability is what drives decision-making risks and opportunities. Because of the increasing interest in the generation and application of seasonal climate forecasts it is necessary to determine the signal-to-noise ratio during the summer season over Zimbabwe.

The objective of this paper is to estimate the component of Zimbabwe summer rainfall variance that is potentially predictable at long-range. It is assumed that the inter-annual variance of seasonal rainfall totals is made up of a component reflecting sampling errors and daily weather variations that are due to the atmosphere’s internal dynamics. This variance is referred to as climate noise and is unpredictable beyond deterministic predictability limits of about two weeks (Lorenz, 1963, 1984; Reinhold, 1987; Somerville, 1987; Murphy, 1988; Livezey, 1990). The second component is any additional variance that is introduced by slowly varying external conditions such as sea surface temperatures (i.e. climate signals) and is at least potentially predictable at long lead times (Shukla, 1981; Somerville, 1987; Lorenz, 1990; Palmer and Anderson, 1994; Goddard et al., 2001). Both components can be estimated using an analysis of variance approach. The same approach was used to estimate the component of seasonal rainfall that is potentially predictable at long-range in North America (Shea and Madden, 1990), India (Singh and Kripalani, 1986; Shea et al., 1995), Japan (Madden and Shea, 1999), and New Zealand (Madden and Kidson, 1997; Madden et al., 1999).

1.1. Zimbabwe inter-annual rainfall variability and global climate phenomena

Zimbabwe’s rainfall is very seasonal with one wet season running from mid-November through to mid-March, and most rain occurs in December, January and February (Torrance, 1981; Buckle, 1996). The dates of the onset and end of the rainy season are quite variable, at times starting as early as October and stretching well into April. Records show that the heaviest 10% of rain-days account for almost 45% of the entire annual precipitation (Buckle, 1996). Mean annual rainfall shows a north-south, and west-east gradient (Fig. 1), in response to the country’s topography and the higher moisture content of those air-streams that approach Zimbabwe from the northwest and northeast (Torrance, 1981; Buckle, 1996). Total seasonal rainfall exhibits high inter-annual variability. The coefficient of variability increases from 26% in the north to above 36% in the south.

The rain itself depends mainly on the location and behaviour of the inter-tropical convergence zone (ITCZ), whose oscillatory behaviour is influenced by changing pressure patterns to the north and south of the country. The amount and intensity of rainfall during a given wet spell is enhanced by the passage of upper westerly waves of mid-latitude origin (Smith, 1985; Buckle, 1996). On some occasions the influence of the upper westerly waves may be hindered by a strong seasonal high over Botswana or a persistent blocking high extending from the Indian ocean (Fig. 2), and then dry spells are quite persistent. The persistence of the Botswana upper high was a major factor behind the droughts of 1982-84 and 1991-92, whereas the blocking Indian Ocean high caused a 2-3 week dry spell across the country during December 1999 (are there any references to support this statement?).


2.   DATA

Daily rainfall data spanning the period 1951 to 1992 were extracted from the Zimbabwe Department of Meteorological Services CLICOM database for 27 synoptic stations with the most complete records. The locations of these stations are shown in Figure 1. Monthly rainfall data used in the study spanned the period 1900 to 1997. The daily data were divided into October – December (OND), December – February (DJF) and January – March (JFM) seasonal segments. Observed daily extreme rainfall amounts were evaluated for 54 synoptic stations for the entire period of meteorological record.


3.   METHODOLOGY

The potential for long-range prediction of seasonal rainfall is assumed to be an analysis of variance problem. Estimates of the potential long-range predictability of Zimbabwe summer rainfall are based on the idealized view of the inter-annual variance of seasonal rainfall totals as being comprised of two separable components. The first is the standard error of rainfall totals arising from sampling errors and daily weather variations that are due to the atmosphere’s internal dynamics. These standard errors are only predictable at lead times less than two weeks (Livezey, 1990) and can be referred to as climate noise (Madden and Shea, 1978). The second component is any inter-annual variability that may exist in excess of climate noise. This climate signal is compared to the intra-seasonal variability as estimated by a two-state first order Markov model. Regions where the ratio exceeds unity are considered to be potentially predictable at long lead-times (Shea et al., 1995).

It has been argued that each season represents a single realization of an imagined ensemble of realisations (Madden and Shea, 1978; Leith, 1995). It is assumed that the physical laws governing the behaviour of the atmosphere allow a single, unique set of statistics in the presence of constant external conditions such as the state of sea surface temperatures. If external conditions were constant except for the specified annual cycle, it could be concluded that each seasonally averaged realization is from an ensemble of realizations having constant statistical properties or unchanging climate (Leith, 1995; Madden et al., 1999). These individual realizations would, however, exhibit a certain amount of variability due to the nature of statistical sampling which is referred to as natural variability or climate noise.

3.1. Estimating climate noise

The magnitude of climate noise at each station is estimated by computing the variance of time-averaged rainfall data based on a statistical model whose parameters are derived from observed daily values. Assuming that rainfall amounts on consecutive days are a randomly stopped, first-order autoregressive process with a 1-day lag correlation of , then climate noise can be estimated as in Katz and Parlange, 1995; Madden, et. al., 1999,
		(1)
where, T is the duration of the noise process in days (92 for OND, 90 for DJF, 90 for JFM), p is the unconditional probability of rainfall on a given day,  is the 1-day lag autocorrelation function, (*)2 and (*) are estimates of the variance and mean of the rainfall amounts using wet days only (a wet day in this case is defined as one with >0.3 mm of rainfall), d is a persistence parameter given by (p11 – p10), where p11 is the probability of a wet day given that the previous day was wet, and p10 is the probability of a wet day given that the previous day was dry. Because it is difficult to separate the effects of slowly varying external conditions on daily rainfall amounts during a season, it is possible that the estimate of climate noise from this equation is only approximate.

The key assumptions in the application of a chain process are that, the sequence of daily precipitation amounts constitutes a Markov chain, and that the amounts of precipitation on consecutive wet days are conditionally independent. It is also assumed that the transition probabilities used in the model do not vary from day to day and from year to year.

3.2. Estimating the climate signal





Having determined the climate plus noise signal (2A) and the climate noise (2T,b), the percentage variance potentially predictable can be calculated as 100(1-2T,b/2A). It is difficult to be sure how large a signal must be to be of value. However, the bigger the ratios the more the actual variance exceeds the component estimated to be unpredictable. For example, F-ratios (2A/2T,b) of 1.5 and 2.0 would indicate that it would be potentially possible to explain 33 and 50% of the variance of seasonal rainfall means respectively.

3.4. Daily rainfall extremes

Observed extremes in 24-hour cumulative rainfall amounts are evaluated for each of the 54 stations through ranking of daily amounts since record keeping started. More than 80% of the stations had records spanning more than 60 years.






Rainfall standard deviation ranging from 60 mm in the southwest to 100 mm in the eastern parts of the country occur as a result of random intra-season weather fluctuations during OND. During DJF and JFM the rainfall fluctuation that can be attributed to the inherently chaotic nature of atmospheric processes range from 80 mm in the southwest to over 160 mm in the eastern sections of the country (Fig. 3).

Noise estimates are largest in the high rainfall areas in the northern and eastern sections of the country (Fig. 3). Thus at Nyanga, receiving 1200 mm rain per annum, the JFM standard deviation of rainfall is 172 mm due to daily weather variability. In contrast, at Beitbridge with an annual rainfall of 330 mm the noise estimate is 72 mm for JFM. Noise also increases as the rainfall season progresses. During the peak rainfall months DJF and JFM, noise rises to above 100 mm from generally below 100 mm in OND in the eastern and central sections of the country. However, daily rainfall extremes in excess of these noise estimates have been observed across the country since record keeping begun (Fig. 4).

The national average rainfall standard deviation for October to April that can be attributed to stochastic processes is about 180 mm (Fig. 5). This represents about 25% of the long-term national average rainfall of 650 mm. It can therefore be hypothesised that only a national rainfall departure from the long-term average of at least 25% or more can be attributed to a climate signal above noise. Assuming this threshold, only 30% of the observed rainfall anomalies in Zimbabwe’s historical (1900-1997) rainfall record can be associated with external forcing (Fig. 5).

Typical model parameters for estimating noise are summarized in Fig. 6. The median unconditional probability for rain during the austral summer months is 0.34. However, both wet and dry spells show a high degree of persistence (median p11=0.61, p10=0.2). Rainfall amounts on consecutive wet days have a very weak relationship (median =0.18). The median daily rainfall amount for the country is about 10 mm. However, daily extremes in excess of 100 mm have been observed across the whole country since record keeping begun (Fig. 4). The extremes are mostly induced by synoptic disturbances such as depressions or tropical cyclones that are not predictable beyond deterministic predictability limits of about 2 weeks.


4.2. Potential long-range predictability

Highest signal-to-noise ratios are found in the eastern, central, and western parts of the country during all the three seasons, OND, DJF and JFM (Fig. 7). During OND the signal-to-noise ratios range from 1.6 in the south, west and northern sections of the country to 2.6 in the central areas. For DJF, the ratios vary from 2.2 in the north and southeast sections to about 3.6 across the rest of the country. Signal-to-noise ratios for JFM range from generally below 2.4 in the southeast, northeast and northwest parts of the country to above 3.0 in the southwest, central and eastern areas. The frequency distribution of the ratios for the 27 stations is summarized in Fig. 8.

Potential for long-range predictability is more likely to be found in those regions with relatively large ratios. A ratio of 2 indicates that 50% of the inter-annual variance of seasonal rainfall totals is potentially predictable at long-range. A ratio of 1 would imply that natural variability adequately explains observed inter-annual variability, and therefore no potential for long-range predictability exists.

Significantly high predictability is found across the whole country for the three seasons OND, DJF and JFM. Predictability increases as the rainy season progresses. During OND potential for long-range predictability ranges from 40 to 60%. However, potential long-range predictability ranges from 60 to 80 % during the latter parts of the rainfall season, DJF and JFM. Actual inter-annual variance must be 50% bigger than the variance associated with natural variability to reject the null hypothesis at 2.5% level.

Signal-to-noise ratios were averaged for the north and south homogeneous rainfall regions of the country. Details on the homogeneous regions are in Unganai and Mason (2000). The signal is highest in the southern region and increases with the progress of the rainy season. Inter-annual rainfall variability is more predictable in the south than the north when area averages are considered. Predictability ranges from 40 to 65% from OND to JFM respectively for the northern region. However, in the south, predictability ranges from about 50 to 70% from OND to JFM.


5.   DISCUSSION

The presence of a significant climate signal in the Zimbabwe rainfall series is consistent with findings from earlier studies on the country’s inter-annual rainfall fluctuations (Ismail, 1987; Matarira, 1990; Matarira and Unganai, 1994; Waylen and Henworth, 1996; Jury et al., 1999). One of the major signals for long-range rainfall prediction in Zimbabwe is the global SST changes associated with the El Nino – Southern Oscillation (ENSO) phenomenon. Statistically significant lagged relationships between Zimbabwe summer rainfall and selected ocean-atmosphere features have been documented (Makarau and Jury, 1997). Significant differences in rainfall amount, temporal and spatial distribution have been observed to occur in the country between opposite extremes in the phase of the ENSO (Matarira, 1990). During the warm phase of ENSO rainfall tends to be depressed across much of the country whereas the converse is true for the cold phase (La Niña).

An average of the SOI during the preceding twelve months (January-December) has been found to be positively correlated with November to April station rainfall across Zimbabwe (r=0.42, Matarira, 1990). Peak correlations are in the southeast of the country, where potential predictability is highest. August SOI yields a peak correlation of 0.56 with November, December, January (NDJ) rainfall averaged over an area stretching from central Mozambique into much of Zimbabwe (Matarira and Unganai, 1994). In a similar analysis, Makarau and Jury (1997) found a correlation of 0.40 between national average summer rainfall and monthly SOI at 1-2 months lag. The Southern Oscillation can therefore explain up to about 30% of the inter-annual variance in summer rainfall in some parts of the country.

Relatively strong relationships have been found between Zimbabwe summer rainfall and global SSTs (Cane et al., 1994; Makarau and Jury, 1997; Rocha and Simmonds, 1997; Tarakidzwa, 1999 - not in references). Central Indian Ocean SST anomalies show a correlation of –0.50 with summer rainfall in a region stretching across central Mozambique into much of Zimbabwe (Rocha and Simmonds, 1997). A similar relationship is found between July – September (JAS) SSTs and Zimbabwe summer rainfall (Makarau and Jury, 1997). Using eastern equatorial Pacific (Niño 3) SST anomalies, Cane et al., (1994) found a correlation of 0.64 should this be -0.64? with Zimbabwe summer rainfall at zero-lag. The same SST anomalies showed a correlation of 0.78 negative? with the country’s maize yields from the communal farming sector. Even after taking out the effects of ENSO, Rocha and Simmonds (1997) showed that the Indian Ocean still provides a significant climate signal for southern African summer rainfall.

Using an average 200 hPa equatorial Atlantic zonal wind index during July to September, Makarau and Jury (1997) showed that up to 49% of the observed variance in Zimbabwe summer rainfall is predictable. However, the study did not investigate how much of the variance is already accounted for by the effects of ENSO. The long-range predictability of much of southern Africa summer rainfall has also been demonstrated using a GCM approach (Goddard and Graham, 1999). The atmospheric models are forced with global SST anomalies at the lower boundary. From the GCM, the leading EOF of Indian Ocean SSTs accounts for 39% of the total variance in November - January rainfall in southern Africa.

The seasonal changes in predictability appear to be consistent with findings of Lindesay (1988) and van Heerden et al. (1988) for South Africa. ENSO-rainfall relationships for South Africa are stronger during December to March than the early part of the rainy season. It is hypothesised that the predominance of baroclinic, rather than barotropic systems during the latter part of the rainy season could explain the relatively high long-range predictability of the rains then.

That inter-annual rainfall variability in the south of the country is relatively more predictable than in the north is consistent with earlier studies. The relationship between ENSO and rainfall was shown to be strongest in the southeast section of the country (Matarira, 1990). In their study of the global influence of ENSO, Ropelewski and Halpert (1987) also show that for southern Africa the ENSO signal is strongest in the southeast of the sub-region. The atmospheric circulation adjustments associated with dry/wet spells and ENSO phase changes have been documented elsewhere (Tyson, 1986; Mason and Jury, 1997; Mason and Tyson, 1999).

The finding that predictability across Zimbabwe is considerably less than 100% is consistent with theory and findings for other regions of the globe, for example India (Shea et al., 1995) and New Zealand (Madden et al., 1999). In theory, the presence of noise and intra-seasonal oscillations will always limit long-range climate predictability (Dix and Hunt, 1995). Long-range predictability might arise from the atmosphere’s slow response to slowly varying external forcing such as SSTs. It has also been argued that another source of long-range predictability could be transitions between climate regimes that can occur if the atmosphere is almost intransitive (Lorenz, 1968), or simply autocorrelation at lags of a year or more.

In a sensitive variable such as rainfall, chaotic influences can easily cause significant differences between predicted and observed rainfall amounts. In March 1976 the remnants of tropical cyclone Ella moved into the northern sections of Zimbabwe from the Southwest Indian Ocean. The cyclone dumped over 200 mm of rain in two days, converting what had been a very moderate rainy season into one with totals well above average (Torrance, 1983). Such events are infrequent and unpredictable beyond two weeks, but when they occur they can change the seasonal rainfall pattern significantly.

Extended dry spells during the rainy season are not uncommon. During the rainy season, a strong, self perpetuating seasonal high usually forms in the upper levels of the troposphere centred about Botswana resulting in rainless conditions for several days on end. The frequency of occurrence of this upper level high in a given season can significantly reduce the seasonal total rainfall amount across the country.

Even in regions where there is a strong ENSO influence, the impact of atmospheric chaos is quite high (Dix and Hunt, 1995). Similarly, SST variations in areas outside of the equatorial Pacific can provide some predictability in some regions, although the influence of SSTs may be highly complex. A unique atmospheric response to a given set of boundary conditions such as SST forcing does not occur, because slight differences in initial conditions can cause widely different responses in a non-linear dynamical system such as the atmosphere (Allan, 1993; Dix and Hunt, 1995).


6.   CONCLUSIONS

Actual inter-annual rainfall variance has been found to exceed the estimate of the within season variance during the summer season in Zimbabwe. It can therefore be concluded that summer rainfall is potentially predictable at long-range. More specifically, predictability of inter-annual summer rainfall fluctuation is up to approximately 70%. Predictability is much higher during the latter half of the rainfall season, January to March, than the early part, October to December. Predictability is found to be relatively higher in the south than the north of the country throughout the rainfall season. Earlier studies on long-range forecasting summer rainfall did not reveal the temporal and spatial differences in predictability in Zimbabwe.

These findings have important practical implications for long-range forecasting in the country. Firstly, although its not clear how large a signal must be to be of value, any seasonal climate forecasting scheme that can capture up to 70% part of the inter-annual variance is likely to be of economic value. It is argued that a signal-to-noise ratio of 0.5 is almost enough to be of some economic importance (Leith, 1995); the ratios for Zimbabwe exceed 2.0 suggesting that the potential value of seasonal rainfall forecasts for the country may be large. Secondly, none of the existing statistical schemes for long-range forecasting in the country capture more than 50% of the variance. With predictability being estimated above 50%, it implies that there is still room for improvement particularly for the latter part of the rainy season, January to March. However, statistical methods alone cannot be used to isolate the relative importance of the different predictors in producing the observed characteristics of inter-annual rainfall variability in southern Africa (Goddard and Graham, 1999). Knowledge of the physical mechanism through which the predictors produce the observed inter-annual rainfall variability is important for any long-range prediction scheme.

It must, however, be noted that the estimated percentage variance predictable should be treated as approximate. The results are approximate because of sample biases and also because the noise and climate signal may not be completely independent. These results are however useful in indicating predictability in general and showing which part of the rainy season and country is relatively more predictable than the other, which is useful information in the development and application of seasonal climate forecasts.
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Figure 1.	Location of Zimbabwe, the stations used in the study and the country’s long-term annual rainfall average.
Figure 2.	Typical 500 hPa streamlines for dry conditions in the north sections of Zimbabwe.
Figure 3.	Noise estimates (mm) for a) OND, b) DJF, and c) JFM.
Figure 4.	Highest observed 24-hour rainfall amount during the period 1900 to 1999.
Figure 5	Noise band for the time series of national average rainfall anomalies.
Figure 6.	Histogram of the typical parameters used in the model to estimate noise. The parameters are, a) unconditional probability of a wet day, b) probability of a wet day given that previous day was wet, c) probability of wet day given that previous day was dry, d) mean daily rainfall amount (mm) on the x-axis, e) seasonal rainfall variance, and f) autocorrelation between rainfall amount on successive wet days.
Figure 7.	Signal-to-noise ratios for, a) OND, b) DJF and c) JFM.
Figure 8.	Histogram of signal-to-noise ratios for the 27 stations for, a) OND, b) DJF, c) JFM and d) October to March.




PAGE  



4



